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Abstract 
 
The study presents an approach that combined objective information such as sampling or 
experimental data with subjective information such as expert opinions. This combined 
approach was based on the Analytic Network Process method. It was applied to evaluate soil 
erosion risk and overcomes one of the drawbacks of USLE/RUSLE soil erosion models, 
namely that they do not consider interactions among soil erosion factors. Another advantage 
of this method is that it can be used the there are insufficient experimental data. The lack of 
experimental data can be compensated for through the use of expert evaluations. As an 
example of the proposed approach, the risk of soil erosion was evaluated in olive groves in 
Southern Spain, showing the potential of the ANP method for modelling a complex physical 
process like soil erosion.  
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1. Introduction 
 
One of the main criticisms of USLE (Universal Soil Loss Equation) (Wischmeier and Smith, 
1978; Renard et al., 1997) based models is that they fail to consider the interdependence of 
soil erosion factors. In order to deal with this problem, the authors evaluated the use of the 
Analytic Network Process (ANP), a Multicriteria Decision Making Technique. The ANP 
(Saaty, 1996; Saaty, 2005) is an improved generalisation of the well-known Analytic 
Hierarchy Process (Saaty, 1980), which allows interdependences between decision factors to 
be taken into account. Both methods use expert opinions as inputs for evaluating decision 
factors. However, the ANP has the advantage of allowing network model structuring, which is 
good for reflecting interdependence between real-world factors. This is the case with factors 
that influence the risk of soil erosion.  
 
The main purpose of this study was to present an application of ANP-based methodology 
supported by expertise in order to evaluate soil erosion risk in cases when insufficient data are 
available to use sample-based models. This included a case study of the highland olive 
growing system in Montoro (Southern Spain). The study focused mainly on an approach that 
combined objective data with subjective evaluations rather than on different models of soil 
erosion factors as such. Nonetheless, a brief description of individual soil erosion factors can 
be found later in this section. 
 
                                                 
1
 This study was financed by the National Institute for Agricultural and Food Research and Technology (INIA 
RTA04-086). 
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Rather than quantifying the soil erosion losses, the authors aimed to identify agricultural areas 
with higher soil erosion risk. Several reasons prompted us to use the ANP expert-based 
methodology to evaluate soil erosion risk. One such reason was the importance of soil 
degradation phenomena (see de Paz et al., 2006). Under the conditions of the dry 
Mediterranean climate and steeply sloping landscapes in southern Spain, water erosion is 
considered to be one of the most serious environmental hazards for both agriculture and 
ecological diversity (Lal et al., 1989). Laguna (1989) reported that the volume of soil loss due 
to water erosion in Spanish mountain olive groves ranges from 60 to 105 tonnes/hectare/year, 
while the rate of soil creation is about 1-2 tonnes/hectare/year. Other research carried out by 
López-Cuervo (1990) estimated soil losses in tree crop (olive and other fruits) plantations in 
southern Spain at more than 80 t/ha/year. This study does not take into account wind erosion 
due to its relatively small impact on the study area.  
 
Most modern models take into account three soil erosion phases: sediment detachment, 
transport and deposition. These three phases have been described in depth by Rose (1993) and 
Haan et al. (1994).  
 
A major aspect of these models concerns distinguishing four main types of soil erosion: sheet, 
rill, gully and in-stream. The first is the most used. Normally a combination of various types 
of erosion takes place. The occurrence of one type of erosion or another is explained by the 
nature of the landscape.  
 
A number of studies have tried to simulate the soil erosion process, evaluate soil erosion 
hazards or model hydrological process at landscape level. These include, most notably, those 
by Camacho-Olmedo (1996), Carvajal Ramírez and Giráldez Cervera (2000), Millward and 
Mersey (2001), Şahin and Kurum (2002), Finlayson and Montgomery (2003), Montgomery 
(2003), Cammeraat (2004), Cohen et al. (2005), Metternicht and Gonzalez (2005), Navas et 
al. (2005), de Paz et al. (2006), Kheir et al. (2006); Li et al. (2006) and Ramos-Scharrón and 
MacDonald (2007).  
 
The model proposed by Meyer and Wischmeier (1969) was one of the first to recognize the 
existence of these three stages in the soil erosion process. This assumption has permitted the 
erosion process to be modelled by considering a limited number of processes that influence 
erosion. Foster and Meyer (1975) subsequently proposed a more elaborate model based on the 
same idea. Another interesting model was developed by Woolhiser et al. (1990), and is 
known by the name of KINEROS. This model is based on a breakdown of the main watershed 
into planes, channels and water reservoirs connected in the form of a cascade where the water 
and sediments flow according to the transport equations. KINEROS 2 is an updated version of 
KINEROS. The disadvantage of the KINERO model is its great input information 
requirements. The EUROSEM model (Morgan et al., 1998) is an adaptation of KINEROS 
that can be applied at small watershed and plot levels. A clear description of a number of soil 
erosion and deposition models can be found in Merritt et al. (2003). 
 
Although this study only considers the role of sediment detachment in erosion, it is clear that 
consideration of this part of the erosion process alone does not offer a full picture of the real 
situation. However, the main purpose of our study allowed us to focus on the interactions 
between the factors that influence sediment detachment. As landscape elements related to soil 
erosion, we decided to adapt the USLE/RUSLE (Wischmeier and Smith, 1978; Renard et al., 
1991; Renard et al., 1997) components to local conditions.  
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The ANP combined with a GIS tool was applied in this study to analyse the risk of soil 
erosion in olive growing farming systems. The theoretical background of the application of 
multi-criteria evaluation methods to the solution of spatial problems has been described in 
detail elsewhere (Malczewski, 1999). Since then, a large number of studies have adopted this 
approach, including those by Hoctor et al. (2000), Store and Kangas (2001), Tseng et al. 
(2001), Dragan et al. (2003), Thirumalaivasan et al. (2003), Ayalew et al. (2005), Strager and 
Rosenberger (2006), Neaupane and Piantanakulchai (2006), Mörtberg et al. (2007), 
Saroinsong et al. (2007) and Wu and Wang (2007). The latter is particularly relevant for the 
development of the framework for territorial risk assessment of soil erosion using AHP, the 
seminal method of ANP.  
 
Since the incorporation of the AHP calculation block of the IDRISI 3.2 software package, it 
has become much easier to apply this method to solve spatial problems. However, the 
application of ANP is still scarce. In this respect, Neaupane and Piantanakulchai (2006) 
described one of the few applications that uses ANP methodology, in this case to evaluate 
landslide hazard susceptibility in Eastern Nepal.  
 
2. Case-study area 
 
Montoro is situated in the province of Cordoba (southern Spain), between longitudes –4º33` 
and  -4º9` and latitudes 38º16`and 37º57`(see Figure 1). The olive groves cover approximately 
35% of the local territory. The olives are the most important crop in Montoro. This area has a 
typical Mediterranean continental climate, with irregular annual rainfall (75.5 mm in 
winter/8.7 mm in summer). The irregularity of rainfall is one of the main factors responsible 
for soil erosion in this area. The soils in this area are generally brown and Ranker soils. Red 
soils and mixtures of red and brown soils can also be found in the south.  
 
Figure 1. Location, physical map and land use map of Montoro 
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The central and northern parts of Montoro are mainly highlands with steep slopes that make 
agricultural activities extremely difficult; 51% of slopes in the territory have gradients of 
more than 15%. The steep slopes is other important factor responsible for soil erosion in this 
area. Elevations range from 140 m to 790 m a.s.l. As a result, agriculture in this region is 
geared mainly to extensive olive plantations and pasturelands. The River Guadalquivir flows 
through the southern part of Montoro from East to West. The main water bodies are located in 
the central and northern parts of the area.  
 
The northeastern part of Montoro belongs to the Natural Park of Sierra Cardeña and Montoro. 
Thus, this area has high environmental value and all agricultural activities performed in this 
area must comply with legislation governing Spain’s natural parks.  
 
3. Methods 
 
Figure 2 shows a schematic outline of the steps involved in the evaluation of soil erosion risk. 
Like all studies of this type, our research began by identifying the most important soil erosion 
risk factors in the study area. The next step was factor data collection. Subsequent steps 
adapted the data to the requirements of the ANP analysis, the representation of results by the 
GIS technology and sensitivity analysis.  
 
Figure 2. Schematic outline of steps involved in the evaluation of soil erosion risk 
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3.1. Methods of evaluating the influence of erosion risk factors 
 
The USLE/ RUSLE factors were adapted to local olive growing systems in Montoro, with the 
addition of the proximity factor of rivers and streams and the expertise-based ANP evaluation. 
In contrast to the classic USLE/ RUSLE models, which assume that the factors are 
independent, the model proposed here allowed us to consider possible interdependences and 
feedback between factors. The factors considered were: rainfall-runoff, grass vegetation 
cover, soil erodibility, river and stream proximity, slope steepness and slope length. The 
development process and relationships of the submodels is shown in Figure 3. 
 
Figure 3. Flowchart showing the development and relationships of the sub-models 
 
 
Rainfall-runoff potential as an erosivity factor 
 
According to experts, rainfall is one of the most important factors explaining soil erosion. 
Accurate prediction of rainfall was therefore an important condition for forecasting the 
susceptibility to erosion of the study area. When evaluating this factor in Montoro, we 
encountered the typical problem of a lack of information on precipitation in the study area, 
where available data consisted of average annual precipitation data (1942-1996) from 20 
weather stations, of which eight are situated in the municipality of Montoro and the remainder 
in neighbouring areas.  
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However, this information cannot be used directly because the erosivity factor is based on the 
sum of the products of the kinetic energy (ec,i) of the maximum intensity of rainfall during a 
30-minute period (r30,i) (Renard et al., 1997). However Giráldez et al. (1989) empirically 
derived a simplified equation for the local conditions in the same province: 
 
ecr30=0.0682*p1.998  
 
where p is daily rainfall 
 
Daily rainfall data were available for another 12 weather stations located in the provinces of 
Cordoba and Jaen, at some distance from Montoro (only one is situated in the town of 
Montoro itself). 
 
Both, average rainfall and erosivity were therefore calculated for these 12 stations and the 
correlation coefficient found (r=0.929). The high correlation coefficient indicated the 
existence of a strong relationship between the data, thus justifying the use of annual average 
rainfall as commented above.  
 
Several studies have been carried out on the creation of surface data from point data (Bollinne 
et al., 1980; Mikhailova et al., 1997; Goovaerts 1999, 2000). In general, kriging is one of the 
most widely used interpolation geostatisitcal methods for predicting values in unknown 
locations based on data from known locations (Goovaerts, 1997; Wang et al., 2002).  
 
The kriging interpolation method, based on the Gaussian function, was used in this study. For 
this purpose, we used the Spatial Analysis tool in the ArcGis 9.1 software package (ESRI), 
which offers a number of tools for using different interpolation methods and variations of 
same. Several of these were tested (trend interpolation method, ordinary kriging based on 
exponential function and linear function, cokriging that takes account point data and DEM, 
and ordinary kriging based on a Gaussian function). In this case, the ordinary kriging based 
on a Gaussian function (Figure 4: Rainfall map created by Gaussian kriging and weather 
stations) gave the best result (lowest variance in the values of predicted data), coinciding with 
the findings reported by Wang et al. (2002). Finally, the rainfall prediction map was 
reclassified, in accordance with the hydrology experts’ opinions for this specific area, into 
four classes: 
 
1. Rainfall less than 537 mm. 
2. Rainfall 537-619 mm. 
3. Rainfall 619-742 mm. 
4. Rainfall more than 742 mm. 
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Figure 4. Rainfall map created by Gaussian kriging 
 
 
Slope length and slope steepness factors  
 
Depending on the specific case involved, these two similar factors may be considered together 
or separately. In this study, they were considered separately in order to take into account their 
interdependence with respect to the risk of soil erosion, as reported in a study by Cohen et al. 
(2005).  
 
Ever since the first applications of USLE, estimating the slope length factor has given rise to 
many calculation difficulties. Direct measurement of slope and slope length were initially 
proposed to evaluate these factors. However, this method is only suitable for small plots and 
parcels. At landscape or watershed scale, the use of a Digital Elevation Model (DEM) for data 
input is a better approach. Geographic Information System (GIS) analyses enabled users to 
generate incline or slope steepness (S) and slope length (L) raster covers by a number of 
different methods. A review of available GIS-based methods for calculating the L and S 
factors can be found in Dunn and Hickey (1998) and Hickey (2000), and the explanations on 
separate methods could be found in Moore and Burch (1986), Desmet and Govers (1996) and 
Van Remortel et al. (2004). 
 
In the present study, the Van Remortel AML code was used in accordance with McCool et al. 
(1997), published in a Guide to Conservation Planning (Renard et al., 1997).  
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The input data used in this study were the raster DEM of Andalusia for the study area, with a 
spatial (vertical and horizontal) resolution of 10 meters, provided by the Andalusian 
Cartography Service (Junta de Andalucía, 2004). Slope length and incline were calculated 
using AML (Arc Macro Language) executable code (Version 4) written by Van Remortel and 
Hichey (2003)2 and executed in an ESRI Work Station Arc Prompt environment. This code 
uses the raster grid accumulation algorithm for slope length calculation and a maximum 
downhill slope method for incline derivation. Thus, the AML code calculates slope length 
from high to low points. The relative cut-off angle across the slope was taken into account 
during the calculation and a default value of 0.5 was used. This means that each decrease in a 
slope gradient of more than 50% of the slope restarts the slope length calculation. As in the 
case of the output of Van Remortel’s AML code, the complete numerical calculation of LS 
factors is provided. However, due to the demands of the model used in this study and the 
limitations of RUSLE, we only used a metric calculation of the slope-length factor raster 
output file and degree calculated slope-angle raster output file. Slope gradient coverage was 
subsequently transformed into percentage gradients and reclassified into four classes: 
1. Gentle slopes (less than 15%); 
2. Moderate slopes (15-30%); 
3. Steep slopes (30-45%); 
4. Very steep slopes (more than 45%); 
 
Slope length coverage was reclassified into three classes: 
1. Long slopes (more than 160 meters); 
2. Moderate length slopes (50-160 meters); 
3. Short slopes (less than 50 meters); 
 
These classifications were obtained from the experts’ consensus for this specific area. 
Therefore, the extrapolation of these classifications to other areas must be performed with 
caution. 
 
Soil erodibility factor 
 
Information on geological structures was used as a substitute for a soil map since no soil map 
of the study area exists. Depending on their susceptibility to erosion, all geological materials 
were classified into five classes. This factor therefore derived from the Geological map 
(1:50,000), which was classified into classes from least susceptible to erosion (class 1) to 
most susceptible (class 5) (Table 1). 
 
Table 1. Geological structures classification (from least to most susceptible to erosion) 
Classes Geological materials 
1. Hardly susceptible to 
erosion 
Igneous rocks: acids, basic and volcanic. 
2. Very little susceptible 
to erosion 
Well cemented calcareous rocks: limestone, dolomite, marbles and 
closely-allied rocks. Compact siliceous rocks: schists, hard slates, 
phyllites, quartzy sandstones, quarzites and similar. 
3. Moderately 
susceptible to erosion 
Not well consolidated rocks: sandstones with a little of quartz, 
greywackes, conglomerates, sandy and marly limestones and similar 
rocks. 
                                                 
2
 AML code for LS factors calculation freely available on Bob’s slope page (consulted by authors in May 2007): 
http://www.yogibob.com/slope/slope.html 
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4. Easy susceptible to 
erosion 
Soft formations: argillite, marl, gypsum, facies flysch, pelites, 
clayey slates, clayey marls and closely-allied. 
5. Very easy susceptible 
to erosion  
Clays, sands, and quaternary deposits.  
 
Figure 5. Classification of geological structures as an example of reclassification of soil 
erosion factors 
 
 
Once again, the classification was based on the experts’ assessment of this specific area. 
 
Grass vegetation cover factor 
 
A number of studies of erosion in olive groves (Gómez et al., 2003; Gómez et al., 2004) 
suggest that grass cover under trees reduces soil loss to a low level. Unfortunately, reliable 
information on grass cover in olive groves in the study area could not be found. We therefore 
decided to sample the olive plots in the study area. The whole area was divided into 2 km grid 
squares. Each square was visited with a GPS transponder and plots with grass cover were 
identified. Based on the data obtained, a new coverage was generated in which all olive plots 
were divided into two groups: with or without grass cover. Field data were collected during 
the months of April and May.  
 
Although the grass vegetation coverage ratio would have enriched the study, making the 
evaluation more precise, two obstacles were observed in this respect: i) absence of precise 
field data; and ii) the number of pair wise comparisons in the ANP evaluation would have 
increased dramatically. 
 
Proximity to rivers and streams 
 
Based on field observations and a review of the literature (Dragan et al., 2003; Finlayson and 
Montgomery, 2003), we decided to take proximity to streams and rivers into account. It is 
widely recognised that USLE/RUSLE does not consider instream erosion. By including this 
factor in the study, we hoped to improve the prediction quality of USLE/RUSLE models.  
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An area of 50 meters around rivers and streams was considered to be relatively susceptible to 
flooding and, consequently, to the detachment of particles of soil by floodwaters. Although 
this distance is a simplification of the phenomenon, it can be used, for the methodological 
purpose of this study, as a rough approximation at landscape level based on similar studies. 
However, a more precise estimation of fluvial erosion would require the use of a digital 
elevation model (Finlayson and Montgomery, 2003). 
 
3.2. Combining objective and subjective modelling through the Analytic Network Process 
decision-making technique 
 
The ANP was preceded by the Analytic Hierarchy Process (AHP) developed by Saaty to 
support arms-reduction negotiations between the USA and the Soviet Union in Geneva 
(Saaty, 1980). The AHP’s main assumption is the mutual independence of elements at the 
same level and of different levels in the hierarchy. However, this rarely occurs in real life. For 
this reason, the AHP technique has been criticized by many researchers (Belton and Gear, 
1983; Belton, 1986; French, 1988; Dyer, 1990; Holder, 1990; Barzilai and Lootsman, 1997; 
Barzilai, 1998; Goodwin and Wright, 1998; Leung and Cao, 2001; Wang and Elhag, 2006). In 
order to improve the quality of decision-making, Saaty proposed a generalisation of AHP 
method, which he named the Analytic Network Process (ANP) (Saaty and Takizawa, 1986; 
Saaty, 1996, 2005). The main innovation of the ANP is its network structure, which enables 
interactions between elements situated in different clusters and dependences between the 
elements in the same cluster to be taken into account. The structure developed for this study is 
presented as an example of the network structure (see Figure 6). The direction of the arrows 
indicates the interdependence relationships between the factors. A single direction arrow 
shows the dominance of one factor by another. A double direction arrow shows mutual 
influence between the factors. There were no inner dependences in our case, so the inner 
dependence loops are absent and not shown. This is a simple structure with only one sublevel 
(see Table 2).  
 
Figure 6. The network structure of the soil erosion risk evaluation problem 
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Table 2. Clusters and its nodes 
Clusters Nodes 
Presence/absence of grass 
vegetation cover 
 
With grass vegetation cover 
Without grass vegetation cover 
Rainfall- runoff potential 
 
 
 
Very little rainfall (less than 537 mm.) 
Little rainfall (537-619 mm.) 
Moderate rainfall (619-742 mm.) 
Mayor rainfall (more than 742 mm.) 
Rivers and streams proximity 50 meters surrounding area 
Slope length Long slopes (more than 160 meters) 
Moderate length slopes (50-160 meters) 
Short slopes (less than 50 meters) 
Slope steepness 
 
Gentle slopes (less than 15%) 
Moderate slopes (15-30%) 
Steep slopes (30-45%) 
Very steep slopes (more than 45%) 
Soil erodibility Hardly susceptible to erosion 
Very little susceptible to erosion 
Moderately susceptible to erosion 
Easy susceptible to erosion 
Very easy susceptible to erosion 
 
According to Saaty (2001), the ANP method consists of four main steps: 
 
1. Pairwise comparison and relative weight estimation. First, the network structure of the 
problem needs to be created. The decision-making problem network will normally be 
discussed by the experts and other persons involved in solving the problem. Network 
discussion is an important and very creative phase in problem solving. The right consideration 
of all the factors involved in the problem (in this case factors influencing erosion), 
interactions and feedbacks between the aforementioned factors is the necessary condition for 
the right solution. After the network has been created, the set of pairwise comparisons 
between the elements of the network must be provided. This ANP phase is the same as the 
AHP phase of making pairwise comparisons between the cluster and nodes of the network 
structure. However, the generic question asked in ANP is substantially different from that in 
AHP, and is formulated as: “With respect to the control element, given a component of 
network, and given a pair of components, how much more will one member of the pair 
dominate (influence) the other component?”, while in the AHP method the question is about 
the dominance of one element over another with respect to the father component. The 
mathematical algorithm for calculating the weightings of the elements is the same as in AHP: 
the answers of the experts on a 1-9 scale are collected on the reciprocal matrixes, and the 
appropriate eigenvector solution method is then employed to calculate the factor weightings. 
The consistency of the responses must be checked by calculating the Consistency Ratio (CR 
should be less than 0.1). If the CR is greater than 0.1, the responses should be revised in detail 
and questions must be repeated until the CR is less than 0.1.  
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2. In this step, the weights obtained from the reciprocal matrixes are introduced into the 
supermatrix that contains all the network clusters and nodes and represents its 
interrelationships. This first supermatrix is called the initial supermatrix.  
 
3. In this step, the cluster weights should be calculated in order to weight the initial 
supermatrix. An example of the cluster comparison questionnaire can be found in the Annex. 
Once the cluster weight matrix has been generated, the initial supermatrix can be weighted by 
multiplying the cluster weights matrix by an initial supermatrix. The matrix obtained by 
means of this operation is known as the weighted3 or stochastic supermatrix.  
 
4. The final step consists of multiplying the weighted supermatrix n times by itself until the 
limit supermatrix is reached. Some supermatrices may have a cyclicity effect. As a result, two 
or more final limit supermatrixes may be obtained. If this is the case, the Cesaro sum should 
be calculated using the following equation: ∑∞→
n
in WF
)1(lim
. The main property of the limit 
supermatrix is that its columns are equal and represent the global priority vectors.  
 
As mentioned above, in this study the simple network structure was used. However, in more 
complex problems, Saaty (1996) and Saaty (2005) proposed using four sub-networks: 
Benefits, Costs, Opportunities and Risks. These sub-networks allow all dimensions of the 
decision problem to be considered.  
 
In recent years, a growing number of ANP applications are being observed, including studies 
from different scientific fields (Saaty and Takizawa, 1986; Meade and Sarkis, 1998; Blair et 
al., 2002; Niemira and Saaty, 2004; Shang et al., 2004; Cheng et al., 2005; Chung et al., 
2005; Ulutas, 2005; Erdoğmuş et al., 2006; García-Melón et al., 2006; Neaupane and 
Piantanakulchai,. 2006; Promentilla et al., 2006; Jharkharia and Shankar, 2007; Wolfslehner 
and Vacik, 2007;). 
 
In our opinion, the interdependence and feedback consideration in the structure and the 
relatively modest input information requirements make this expert knowledge-based decision-
support methodology suitable for erosion hazard evaluation at landscape level.  
 
Thus, ANP analysis was performed according to the algorithm presented above. The network 
structure of the problem and interdependence of the clusters were simulated using Super 
Decisions 1.6.0 Software4, which automatically creates a list of the pairwise comparisons 
needed to run the evaluation. 
 
The assessment was based on the opinion of seven experts in the following fields: soil erosion 
and hydrology (experts 1 and 2); vegetation covers of olive plantations (expert 3); and 
agricultural olive production (experts 5 to 7). All of them, following Dyer and Forman’s 
(1992) procedure, carried out the pairwise comparison (PWC) between the nodes and clusters. 
The uncertainties assessed during the evaluation process were subsequently used for a second 
sensitivity analysis (see section on sensitivity analysis) in order to evaluate the stability of the 
model.  
                                                 
3
 The initial supermatrix, the matrix of cluster weightings and the weighted supermatrix can be sent to interested 
readers upon request. 
4
 Freely available software after registering on www.superdecisions.com.  
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Due to the limitations of the Super Decisions Software, which supports only simple cluster 
comparisons, this last ANP step was carried out using MATLAB software.  
 
3.3. Sensitivity analysis 
 
A sensitivity analysis should be performed after a multicriteria analysis in order to check the 
stability of results due to the uncertainty of experts’ judgments (Mészaros and Rapcsák, 
1996). The various scenarios in the study area can be tested by means of a sensitivity analysis. 
The most common method used is the modification of weightings obtained from expert(s). 
Another possibility is the assumption of equal weights of the factors as in traditional erosion 
risk evaluation models. The maps obtained from the sensitivity analysis are shown in the 
“Results” section.  
 
3.4. Materials used for the territorial assessment 
 
The ArcGis 9.1 (ESRI) is the GIS Software used in the study. The following input data were 
used: land use map (1999; 1:50,000) corresponding to the study area (EGMASA, 2001); 
aerial monochrome photos (2001-2002; 1:5,000) and colour photos (2005; 1:10,000); yield 
map of the olive plantations (2004; 1:25,000), and Digital Elevation Model with 10 m spatial 
resolution. These materials were provided by the Andalusian Government’s Cartography 
Service (Junta de Andalucía, 2004; 2005). A geological map (1:50 000; 2003-2006) of the 
study area was provided by the Spanish Geology and Mining Institute. 
 
3.5. Comparison between the USLE/RUSLE models and the ANP based evaluation 
 
Since the type and details of the input data vary greatly among the different soil erosion 
models (Merritt et al., 2003), the following table compares the input data requirements and 
output of RUSLE models and the ANP based evaluation proposed in this study. 
 
Table 3. Comparison between USLE/RUSLE and ANP based soil erosion risk evaluation 
 USLE/RUSLE ANP based evaluation 
Outputs Annual estimation of soil erosion 
from hillslopes (t.)  
The estimation of relative soil erosion 
risk at the area of the study (%). 
Input data  Annual rainfall, an estimate of soil 
erodibility, 
land cover information and 
topographic information. 
Rainfall-runoff, grass vegetation cover, 
soil erodibility, river and stream 
proximity, slope steepness and slope 
length. 
Interdependences, 
feedback and 
different importance 
among the erosion 
factors.  
Not considered. Considered via the expert opinions.  
Advantages / 
disadvantages 
Easy to use relatively low input. No 
consideration of interdependences, 
feedback and different importance of 
soil erosion factors among others. 
Commented in the discussion. 
Model calibration Via field survey and sampling Via the expert opinions with the 
possibility to incorporate field survey 
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As shown in Table 3, the adopted approach benefits from expert evaluations to compensate 
for the lack of experimental data in the study area. 
 
4. Results 
 
Table 4 shows the final weights of the soil erosion factors. As can be seen, the most important 
factor was the absence of grass vegetation cover (0.1986). The second most important factor 
was proximity to rivers and streams (0.1714), and the third major rainfall runoff potential 
(0.1095).  
 
Table 4. Limit supermatrix 
  Weights 
With vegetation cover (With) 0.0364 Presence/absence of grass vegetation 
cover (PGVC) Without vegetation cover (Without) 0.1986 
Very little rainfall (less than 537 mm.) (VLR) 0.0114 
Little rainfall (537-619 mm.) (LR) 0.0215 
Moderate rainfall (619-742 mm.) (MR) 0.0428 Rainfall-runoff potential (RRP) 
Mayor rainfall (more than 742 mm.) (MaR) 0.1095 
Rivers and streams proximity (RSP) 50 meters surrounding area (SA) 0.1714 
Long slopes (LS) 0.0399 
Moderate length slopes (MLS) 0.0156 Slope length 
Short slopes (SS) 0.0076 
Gentle slopes (0-15%) (GS) 0.0075 
Moderate slopes (15-30%) (MS) 0.0127 
Steep slopes (30-45%) (StS) 0.027 Slope steepness 
Very steep slopes (more than 45%) (VSS) 0.0626 
Hardly susceptible to erosion (HSE) 0.0172 
Very little susceptible to erosion (VLSE) 0.0238 
Moderately susceptible to erosion (MSE) 0.0318 
Easy susceptible to erosion (ESE) 0.0612 
Soil erodibility 
Very easy susceptible to erosion (VESE) 0.1011 
 
The relative weights obtained by ANP analysis were assigned to the factor raster layers 
created previously. In accordance with the recommended approach (Saaty, 2003, pp. 104-
108), the additive function was then applied via the Map algebra tool in order to obtain a total 
soil erosion risk score for each cell. As an example, the soil erosion risk for one hypothetical 
pixel was calculated (weights from Table 4): without vegetation cover (0.1986), rainfall-
runoff potential was moderate (0.0428), no rivers or streams in proximity, the slope was long 
(0.0399) and steep (0.027) and the geological structure was moderately susceptible to erosion 
(0.0318). Thus, soil erosion risk for this pixel was equal to: 0.1986+ 0.0428+ 0.0399+ 0.027+ 
0.0318= 0.3401. The final relative values on the resulting map ranged between 0.0902 and 
0.6138. Normalisation was performed in the mode in which the theoretically worst relative 
value obtained the normalised value of 1, and the theoretically best area reached the 
standardised value of 0. In the case of different theoretical maximums and minimums, the 
sensitivity analysis required the thresholds to be standardised. Therefore, in spite of being risk 
dimensionless, this procedure was applied (for the first case tmin=0.0860 and tmax=0.6322; and 
for the third tmin=0.0776; tmax=0.7141; both different from the result tmin=0.0801 and 
tmax=0.6831). The theoretical minimum and maximum in the second and fourth cases of the 
sensitivity analysis were the same as the result and could therefore be compared directly. 
Nevertheless, standardisation is generally applied for a 0-1 comparison of all the sensitivity 
analyses (see Figure 8). 
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The standardisation process was carried out using the following equation (interval 
standardisation method): 
Xnorm= 
minmax
min
XX
XX raw
−
−
 
The values obtained after the standardisation process range from 0.0167 to 0.8851. The lowest 
value after standardisation was higher than zero and the highest value was less than 1. This 
means that there were no locations with zero risk of soil erosion, nor there were places with a 
100 percent risk of soil erosion. The results map (Figure 7) is presented as a continuous raster 
in 0-1 scale.  
 
Figure 7. Soil erosion risk evaluation map 
 
 
As shown in Figure 7, the olive plots with grass vegetation cover were less susceptible to soil 
erosion. The areas close to rivers and streams were at quite high risk of soil erosion, in 
accordance with field observations. The northeast zone of the study area displayed high 
relative values of soil erosion risk. This could have been due to the existence of long steep 
slopes in this territory, exacerbated by the high rainfall erosion potential of the northern part 
of Montoro. 
 
The results obtained by the model showed that the most vulnerable areas were situated in 
zones where two or more powerful erosion driving forces combine: high rainfall-runoff 
potential, steep and long slopes without grass vegetation cover under the olives. All areas near 
rivers and streams could also be considered as highly vulnerable. This conclusion was 
obvious, although only the use of multi criteria analysis together with GIS technology enabled 
the exact geographical localisation of the vulnerable areas. The main purpose of the ANP 
multicriteria decision-making technique in this study was for the quantitative evaluation of the 
interactions between the factors and their subsequent evaluation on a relative scale. The 
supermatrix approach allowed us to transform expert knowledge and intuition into numbers 
that could subsequently be applied to landscape evaluation.  
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The area situated in the northeast of the study stood out for its relatively high risk of soil 
erosion, as explained above. This output of the model was totally justified by the greater 
rainfall potential in the area and its appearance was due to the reclassification of the 
continuous surface of the rainfall-runoff potential required by the ANP model. 
 
4.1. Sensitivity analysis 
 
The sensitivity analysis is recommended for all types of multicriteria analysis. However, due 
to the complex network structure of ANP models, this type of analysis is rarely performed. 
The direct changes in the relative weights obtained from the experts' judgments were used to 
demonstrate the robustness of the model and at the same time to simulate different scenarios 
of the territorial conditions. The answer to the general question of “what if” can be found via 
the sensitivity analysis. Of several possible scenarios, we selected four types of changes in the 
model:  
• The equal importance of the clusters and the assumption of their independence from 
one another. The relative weights of the factors in this case are shown in Table 5. In 
this sensitivity analysis, we attempted to simulate the traditional USLE/RUSLE model 
of the soil erosion risk evaluation with the assumption of the independence between 
the factors. 
• We switched the relative weights of the rainfall-runoff potential factor and the slope 
steepness factor. This case should answer the uncertainties that appeared during the 
factor evaluation process.  
• In this case, we used the simplified form of the cluster comparison provided in Super 
Decisions 1.6.0 Software. The simplified cluster matrix is shown in Table 6, and the 
resulting limit matrix in Table 7. The purpose of this analysis was to show the 
advantages and weaknesses of the more complex calculations of cluster weights. In 
our opinion, complex cluster comparisons are very desirable in every ANP problem. 
However, the necessity and advantages deriving from it should be compared with the 
amount of time invested in obtaining a solution for additional PWCs. If the 
improvement in results obtained using a complex cluster comparison is relatively 
small, it would be reasonable to follow the simple cluster comparison approach.  
• The final sensitivity analysis was to consider the scenario of olive plantations without 
grass vegetation cover. This model therefore omits the soil erosion protection provided 
by grass cover. This scenario permits the soil erosion hazard in the olive plots 
currently protected by grass cover to be visualised.  
 
Table 5. Relative weights of the factors in the case of equal importance between the clusters 
(first case of sensitivity analysis) 
  
Before 
normalization 
Normalized 
weights 
With vegetation cover (With) 0.1000 0.0167 Presence/absence of 
grass vegetation cover 
(PGVC) Without vegetation cover (Without) 0.9000 0.1500 
Very little rainfall (less than 537 mm.) (VLR) 0.0954 0.0159 
Little rainfall (537-619 mm.) (LR) 0.1601 0.0267 
Moderate rainfall (619-742 mm.) (MR) 0.2772 0.0462 
Rainfall-runoff potential 
(RRP) 
Mayor rainfall (more than 742 mm.) (MaR) 0.4673 0.0779 
Rivers and streams 
proximity (RSP) 50 meters surrounding area (SA) 1.0000 0.1667 
Long slopes (LS) 0.5396 0.0899 
Moderate length slopes (MLS) 0.2970 0.0495 Slope length 
Short slopes (SS) 0.1634 0.0272 
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Gentle slopes (0-15%) (GS) 0.0954 0.0159 
Moderate slopes (15-30%) (MS) 0.1601 0.0267 
Steep slopes (30-45%) (StS) 0.2772 0.0462 Slope steepness 
Very steep slopes (more than 45%) (VSS) 0.4673 0.0779 
Hardly susceptible to erosion (HSE) 0.0618 0.0103 
Very little susceptible to erosion (VLSE) 0.0973 0.0162 
Moderately susceptible to erosion (MSE) 0.1599 0.0267 
Easy susceptible to erosion (ESE) 0.2625 0.0438 
Soil erodibility 
Very easy susceptible to erosion (VESE) 0.4185 0.0698 
 
Table 6. Simplified cluster matrix (third case of sensitivity analysis) 
 PGVC RRP RSP Slope length Slope steepness Soil erodibility 
Presence/absence of grass vegetation 
cover (PGVC) 0.0000 0.2000 0.5000 0.3333 0.2500 0.2000 
Rainfall-runoff potential (RRP) 0.2500 0.0000 0.0000 0.0000 0.2500 0.2000 
Rivers and streams proximity (RSP) 0.0000 0.2000 0.0000 0.0000 0.0000 0.2000 
Slope lenght 0.2500 0.2000 0.0000 0.0000 0.2500 0.2000 
Slope steepness 0.2500 0.2000 0.0000 0.3333 0.0000 0.2000 
Soil erodibility 0.2500 0.2000 0.5000 0.3333 0.2500 0.0000 
 
Table 7. Limit matrix (third case of sensitivity analysis) 
  Weights 
With vegetation cover (With) 0.0395 Presence/absence of grass vegetation 
cover (PGVC) Without vegetation cover (Without) 0.2241 
Very little rainfall (less than 537 mm.) (VLR) 0.0138 
Little rainfall (537-619 mm.) (LR) 0.0271 
Moderate rainfall (619-742 mm.) (MR) 0.0554 Rainfall-runoff potential (RRP) 
Mayor rainfall (more than 742 mm.) (MaR) 0.1422 
Rivers and streams proximity (RSP) 50 meters surrounding area (SA) 0.1684 
Long slopes (LS) 0.0464 
Moderate length slopes (MLS) 0.0162 Slope length 
Short slopes (SS) 0.0071 
Gentle slopes (0-15%) (GS) 0.0081 
Moderate slopes (15-30%) (MS) 0.0143 
Steep slopes (30-45%) (StS) 0.0323 Slope steepness 
Very steep slopes (more than 45%) (VSS) 0.0780 
Hardly susceptible to erosion (HSE) 0.0091 
Very little susceptible to erosion (VLSE) 0.0127 
Moderately susceptible to erosion (MSE) 0.0173 
Easy susceptible to erosion (ESE) 0.0328 
Soil erodibility 
Very easy susceptible to erosion (VESE) 0.0550 
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Figure 8. Sensitivity analysis maps 
 
 
These sensitivity analyses (Figure 8) allowed us to draw a number of conclusions. First, the 
importance of grass vegetation cover was clearly demonstrated in the fourth case. Secondly, 
the map obtained by the equal factor weightings analysis showed the same trends as a result 
map. However, the results obtained in our study focused on the influences of the most 
important factors, which allowed us to clearly define the most vulnerable areas. Equal factor 
weightings could therefore be used to provide an initial surrogate approximation for the 
evaluation of soil erosion risk in cases where the aim was to obtain expert evaluations and/or 
empirical data, and accurate evaluations cannot be performed. Thirdly, in the case of the 
simplified cluster comparisons structure of the ANP (Super Decisions Software model), we 
observed excessive, unrealistic differences between the relative weightings of the factors. The 
more complex cluster comparison structure used in our study allowed us to lower this 
difference to a more realistic level. Fourthly, exchanging the importance of the rainfall and 
slope factors produced an evaluation that was very similar to the results obtained with our 
model. The results could help local authorities to promote alternative agricultural practices in 
areas with higher soil erosion risk, e.g. organic farming or restoration of Mediterranean 
forests, towards more sustainable agricultural systems. 
 
4.2. Recommendations for the validation and calibration of the model 
 
As many authors have suggested (Boardman, 2006;Wu and Wan, 2007), the calibration and 
validation of the soil erosion model is highly recommended. Hammad et al. (2005) provided 
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the calibration of the RUSLE soil losses estimation based on experimental data gathered in 
the same plots. The fieldwork carried out in the study area gave us a percentage of accuracy, 
comparing observed erosion on a qualitative scale and estimated erosion risk, above 80%, 
which was considered acceptable. Therefore, although the model would have benefited from a 
subsequent calibration phase, the lack of appropriate software for the ANP pairwise structure 
made us to reject this possibility. Nonetheless, any soil erosion model to be used for more 
practical purposes must be validated before accepting its results. 
 
5. Discussion and conclusions 
 
The model presented here illustrates the possibility of the use of the ANP method by using 
expertise to evaluate physical processes such as the risk of soil erosion. Unlike other methods 
that use sample data (e.g. USLE/RUSLE), the method proposed here is based on expert 
opinions. Moreover, by using the ANP multicriteria decision-making method, we were able to 
resolve one of the shortcomings of the USLE/ RUSLE method, namely its inability to take 
into consideration interdependences between the factors in its equation.  
 
In general terms, the use of expertise is not a new approach. However, the method proposed 
here is based on ANP and allowed us to model the interdependence of the processes 
responsible for soil erosion.  
 
One key aspect of the approach proposed here is its hybrid nature, which combines real 
sample data with expert evaluations. In fact, in order to run the model, some of the data (such 
as rainfall, soil erodibility, slope angles, etc.) were compiled from various published sources 
or directly from field surveys and thus represent objective data. Other aspects of the 
information used by the model were collected from the experts’ opinions and introduced into 
the model in the form of pairwise comparisons. This second part represents the subjective 
information (values) used in the ANP method. 
 
A discussion of relative weights of factors influencing soil erosion can be found in Cohen et 
al. (2005), who recommend the use of a graphic model instead of the traditional 
USLE/RUSLE-based model. The ANP model used in our study bears some similarity to 
Cohen's graphic model but differs from it in the source of input information. The 
aforementioned authors found the relative weights of the factors in the study area empirically. 
In our study, the importance and interdependences of the factors were determined by the 
experts’ knowledge, which is a good approach in the absence of objective data (Boardman, 
2006).  
 
Notwithstanding the foregoing, several points must be discussed in relation to the approach 
presented here. First, the consistency of the experts’ opinions. The interviews with experts 
formed the basis of our model, and the ANP pairwise comparisons were made after these 
experts had been interviewed. However, this revealed a typical limitation of all methods based 
on data collected from personal or e-mail based interviews: Do the experts have a good 
understanding of the questions and background information? Do they really think about the 
study area? If our questions were repeated one week after the first interviews, the answers 
would certainly be slightly different. We did not address this point in this study, although it 
could be an interesting line for future research. Another important point was the network 
structure of the problem. This can be regarded as one of the strong points of the method, since 
it offers the possibility of simulating complex physical processes through expertise. The 
drawback of the network structure is the large number of pairwise comparisons needed to 
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implement the method. Our experience showed that it was very difficult to take into 
consideration all the information required to perform pairwise comparisons. Thus, even with 
the relatively simple network structure of this case study, we were forced to perform a large 
number of pairwise comparisons. This prompts the following question: is human information-
processing capacity sufficient to solve the network structure? If this processing capacity is 
exceeded, most of the usefulness of the ANP method might be lost.  
 
Another point worth highlighting is the greater potential of ANP compared with AHP. Indeed, 
the network structure is an important advance on a hierarchical structure. However, the cost of 
this advance is the greater number of pairwise comparisons required, as discussed above. The 
question in this respect is: does the improvement in results justify this increase? This question 
is very difficult to answer. We have demonstrated the potential of the ANP method for 
resolving the complexity of the physical process of soil erosion through the introduction of 
expertise into the evaluation exercise. The first sensitivity analysis could be regarded as a 
simplified AHP evaluation; hence, the conclusion presented after the sensitivity analysis 
section may partially answer the question.  
 
Another important aspect was the simplification achieved when proximity to rivers and 
streams was considered. The 50-m distance used in our evaluation was an average value. In 
real conditions, the floodplain area depends mainly on the orography where water course is 
running. Thus, the use of a digital elevation model and sampling data from potentially 
floodable areas should improve the spatial accuracy of this factor.  
 
The accuracy of the results obtained must also be discussed. As commented previously, the 
partial validation of the model was achieved. Obviously, the full field survey based on the 
selection of a sufficient number of control points homogenously distributed in the study area 
should present complete information about the reliability of the model and is a 
recommendable approach whenever possible.  
 
Lastly, we would like to emphasize that the model presented here is a site-specific model that 
can be adapted to other areas by adding soil erosion impact factors and interdependences that 
depend on local conditions. The combination of empirical information and expert knowledge 
could improve the calibration of the model. It is also an important line of future research. 
Another interesting objective for the future is to accurately calibrate the ANP model 
weightings in order to quantify actual soil losses in the area.  
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